Interior permanent magnet synchronous motors (IPMSMs) have high power densities and speed control performance, and they are widely used in the industry. The problem of reducing the torque ripple of an IPMSM is one of the hot issues in the field of electrical machine design. In order to determine the optimal combination of the geometric parameters to reduce the torque ripple of an IPMSM, a range analysis was conducted on the data from the orthogonal experiments in this study, dividing the rotor geometric parameters into two categories (important and ordinary) based on their degree of impact on the torque ripples of the IPMSM. Thereafter, an optimization of the ordinary parameters was carried out based on the results of the range analysis, whereas the optimization of the important parameters was carried out through a method that combined a multi-island genetic algorithm (MIGA) and Radial Basis Function (RBF) neural networks. The torque ripple of the IPMSM was effectively reduced without materially affecting the output power. Finally, the results of this optimization process were verified using a finite element simulation. The optimization method used in this study divided the motor geometric parameters into two categories and applied a different method of optimization to each parameter type, so it was able to efficiently optimize multiple geometric parameters for the IPMSM.
I. INTRODUCTION
Interior permanent magnet synchronous motors (IPMSMs) have high power density and speed control performance, and they are widely used in the industry [1] . When an IPMSM is operated, the lower torque ripple levels are conducive to stable torque output, and they reduce the levels of oscillation and the noise of the motor [2] . Hence, low levels of torque ripple are one of the design requisites of IPMSMs. The problem of controlling IPMSM torque ripple is also one of the hot issues in the field of electrical machine design [3] .
The reasonable selection of the geometric parameters of an IPMSM can reduce its torque ripple [4] . In order to reduce The associate editor coordinating the review of this manuscript and approving it for publication was Mustafa Servet Kiran. the torque ripple of IPMSMs, some researchers have tried to optimize their structural parameters. Zhu et al. [5] divided the geometric parameters of an IPMSM into two categories based on the importance of the variables to be optimized. Zhu then optimized the geometric parameters of the motors using response surface methodology and the Taguchi method, thus optimizing the motor torque ripples under conditions where the motor output torque remained constant. Lee et al. [6] optimized the structural parameters of an IPMSM based on the explorative particle swarm optimization (ePSO) algorithm and finite element analysis software. This optimization reduced the torque ripple. Sorgdrager et al. [7] optimized the structure parameters of an IPMSM with the Taguchi method and then achieved a reduction of the torque ripple. Shuhei et al. [8] studied IPMSMs and optimized motor torque ripples by finding the optimal dimensions using a method that combined convolutional neural networks and a genetic algorithm.
In addition, some new structures have reduced the torque ripple of an IPMSM [9] . Ren et al. [10] studied inset PMSMs and proposed an asymmetrical V-shaped PMSM structure, adjusting the width ratio and deviation angle from the main axis of the permanent magnets to reduce the cogging torque, thus controlling the PMSM torque ripple. Jiang et al. [11] studied the impact of a rotor skew pattern on IPMSM cogging torque and torque ripple and proposed a herringbone rotor skew pattern to suppress motor torque ripples. Kang et al. [12] reduced the cogging torque of an IPMSM by putting notches on a rotor pole face, which helped to reduce the torque ripple. Zhou and Chen [13] studied the impact of the shape of a flux-barrier on motor torque ripples and designed three fluxbarriers of different shapes to suppress motor torque ripples.
However, when and IPMSM adopts one or more of the above structures to reduce the torque ripple, motor structure will become more complex and the structural parameters related to the motor output performance will become larger, which brings difficulties to the IPMSM topology optimization. For example, when there are many structural parameters to be optimized, the response surface method will become very complicated [14] . An optimization method that combines an algorithm with finite element analysis software takes a long time when there are many structural variables to be optimized [15] , [16] . The Taguchi method can achieve the multi-objective optimization of an IPMSM, but it cannot find the optimal combination of parameters, and the optimization result is poor. A neural network needs a large amount of data in the training process, so it takes a lot of time to collect data when the number of structural variables to be optimized is large [17] .
In order to reduce the IPMSM torque ripple, the geometric parameters of an IPMSM with two new structures (rotor notch and rotor skew) were optimized in this study. In the first step, the motor geometric parameters were divided into two categories based on a range analysis of the results obtained with the orthogonal experimental method. The first group consisted of ordinary geometric parameters, which had a relatively small effect on the motor torque ripples. The second group consisted of important geometric parameters, which had a greater impact on the motor torque ripples. In the second step, the ordinary geometric parameters were optimized using a range analysis. In the third step, the important geometric variables were optimized using a method that combined a multi-island genetic algorithm (MIGA) and radial basis function (RBF) neural networks. In the final step, the results of the optimization process were verified through a finite element simulation.
Section 2 introduces the optimization process and the motor model optimized in this study. Section 3 describes the optimization of the motor torque ripple. Section 4 describes the verification of the results of the optimization process through finite element simulation. Section 5 summarizes the findings of the study and presents some proposals for future research.
II. OPTIMIZATION PROCESS AND MOTOR MODEL A. THE OPTIMIZATION PROCESS
The optimization method used to reduce the motor torque ripple in this study is shown in Fig. 1 : (1) The structural parameters to be optimized were selected after identifying the objective of optimization.
(2) An orthogonal experimental table was designed based on the number of structural parameters and factor values, and the orthogonal experiment was conducted using a finite element simulation.
(3) A range analysis was performed on the experimental results, and the motor geometric parameters were divided into ordinary geometric parameters and important geometric parameters according to the results thereof.
(4) An indicator-factor graph for the ordinary geometric parameters was plotted based on the results of the range analysis, and the ordinary geometric parameters were optimized based on this graph.
(5) A new model of the motor was constructed based on the outcomes of the optimization.
(6) The impacts of the important geometric parameters on the assessment indicators were obtained through finite element simulation.
(7) An RBF neural network was trained using the data obtained in Step (6) . (8) A MIGA was used to carry out the optimization in the RBF neural network, identifying the optimal values of the important geometric parameters.
(9) The outcomes of this process were then verified using finite element simulation.
B. MOTOR MODEL
As shown in Fig. 2 , the optimization of an interior IPMSM was sought in this study. Because a constant outer diameter was one of the dimensional constraints of the stator in the motor used, the optimization of the structural parameters of the rotor was mainly sought in this study. The rotor parameters to be optimized are shown in Fig. 1 : magnet thickness H 1 , magnet width L 1 , magnet web thickness H 2 , magnet bridge thickness H 3 , pole notch depth H 4 , outer arc of pole notch β 1 , inner arc of pole notch β 2 , pole arc α 1 , air gap length L 2 , and rotor inner radius R 1 . Apart from the ten parameters discussed above, the rotor axial directions of this study were divided into two sections. The mechanical skew angle α 2 between the rotors in each section was also a geometric parameter that needed to be optimized. Hence, in this study a total of eleven geometric parameters of the motor rotor were optimized. The geometric parameters and the winding parameters of the motor that were optimized in this study and are shown in Table 1 .
III. OPTIMIZATION OF THE MOTOR TORQUE RIPPLE A. SIMULATION METHOD
In order to optimize the rotor dimensions, MOTOR-CAD software (version 12.1.7) was used in this study to render simulations of the motor. All of the simulated data were derived using this software. During the simulation process, the motor mesh subdivision used is shown in Fig. 3 . The air gap (where the changes in the magnetic field were the most complicated) was divided into four layers to obtain more precise calculations. During the simulation process, only the geometric parameters of the motor rotor were changed. 
B. CLASSIFICATION OF THE MOTOR PARAMETERS AND THE INITIAL OPTIMIZATION
The orthogonal experimental method is a scientific method that uses the principles of statistics and orthogonality to select from a large set of design points those are appropriate and representative in order to rationally design an experiment. This method has the advantages of being able to substantially reduce the number of experiments, thus reducing the amount of labor involved [18] . For instance, the eleven factors (with three different values for each) evaluated in this study would normally require 3 11 = 177, 147 experiments. If the experiment was carried out according to the L27(3 11 ) orthogonal array, then only 27 experiments would need to be conducted. Additionally, because the experiment points were uniformly distributed throughout the optimal selection range, the orthogonal experimental method could ensure that no possible factor combinations were left out.
Range analysis is one way to analyze the results obtained with the orthogonal experimental method. The method allows for the ordering of the degree of impact by each factor based on assessment indicators as well as the optimization of these factors. See reference [19] for a detailed introduction to range analysis.
There were eleven factors considered in the orthogonal experiments conducted for this study (the eleven geometric parameters listed in Section 2), and three values were considered for each factor. See reference [19] for more details on the orthogonal experimental method.
The results of the range analysis on the results obtained with the orthogonal experimental results are shown in Table 2 . The impact of the motor structural parameters on the torque ripples could be ranked from largest to smallest:
The motor rotor structural parameters could be divided into two categories based on the results of the range analysis: Ordinary geometric parameters: H 1 , H 2 , L 1 , R 1 , β 2 , H 4 . Important geometric parameters: α 2 , α 1 , L 2 , β 1 , H 3 . Fig. 4 shows the indicator-factor graphs for the ordinary geometric parameters and the torque ripple obtained through the range analysis: the torque ripple first rises and then declines with the increase of H 4 , the torque ripple first declines and then rises with the increase of β 2 and H 2 , the torque ripple rises gradually with the increase of R 1 , the torque ripple declines gradually with the increase of H 1 and L 1 . As discussed in Section 3.1, the ordinary geometric parameters were optimized based on those range analysis results. The optimization results are shown in Table 3 . 
C. OPTIMIZATION OF THE IMPORTANT MOTOR GEOMETRIC PARAMETERS BASED ON THE RBF NEURAL NETWORKS AND THE MIGA
As discussed in Section 3.1, the important geometric parameters (the second category) were optimized using a method that applied a MIGA to the RBF neural networks. The RBF neural networks had the universal approximation ability, and they did not suffer from the problem of a local minimum [20] . As shown in Fig. 5 , the RBF neural networks were divided into three layers-an input layer, a hidden layer, and an output layer, where the output layer was the response to the input. The output layer in an RBF neural network employs linear optimization strategies, which allows for faster learning. In this study, an RBF neural network was trained to predict the torque tipple of IPMSMs. See reference [21] for a detailed introduction to RBF neural networks.
In this study, 6300 groups of simulation data (from MOTOR-CAD software) were used to train the RBF neural network. The dataset obtained from the finite element simulation can be described as
Multi-island genetic algorithm (MIGA) is a kind of parallel genetic algorithm based on a traditional genetic algorithm. VOLUME 8, 2020 However, in comparison to a traditional genetic algorithm, a MIGA divides an entire population into many sub-populations that are mutually separated, thus isolating them on different ''islands.'' Traditional genetic algorithm operations are then performed on the individuals in every sub-population so that the entire population becomes more diversified. Thus, the incidence of a precocious phenomenon in the optimization process is suppressed [22] . Such improvements allow a MIGA to solve global optimal solutions better and to have higher computation efficiency. In this study, a MIGA was used to optimize the RBF neural networks and then identify the optimal values of the important geometric parameters. The optimization process can be described as follows:
The optimization results are as shown in Table 4 . Postoptimization, the torque ripple was reduced by 83.2%, from 0.482 Nm to 0.081 Nm, while the output power remained fundamentally unchanged. 
IV. VERIFICATION OF THE OPTIMIZATION RESULTS
In order to verify the accuracy of the optimization results, calculations were performed on the post-optimization motor torque ripples using finite element selection. As shown in Fig. 6 , the results showed that the post-optimization motor torque ripples were 84% lower at 0.077 Nm (an error of 4.9% compared to the optimized values), compared to 0.482 Nm in the initial design. Furthermore, the results of the simulation showed that the post-optimization motor output power was 5010 W, compared to a pre-optimization level of 5019 W, meaning that the post-optimization output power remained fundamentally unchanged. Fig. 7 shows the magnetic field distributions of the two motors. As shown in Fig. 7 , except for the fact that the flux saturation at the magnetic bridge was more serious, the magnetic field distribution of the optimized IPMSM was essentially unchanged. Fig. 8 shows the air-gap flux density of the two motors. As shown in Fig. 8 , the peak air gap magnetic density of the IPMSM before and after optimization was close to 1.2 t, which meant that the permanent magnet material (n42uh) could be fully utilized.
Motor CAD software was used to calculate the steady-state temperature of the IPMSM based on the thermal-circuit method. The calculation results showed that the internal temperature field distribution of the IPMSM before and after optimization was essentially unchanged (as shown in Fig. 9 ). In addition, the maximum temperature of the optimized motor was 115.3 • C, which was lower than the operating temperature limit (150 • C) and which had enough of a stability margin to meet the long-term operation conditions.
To verify the mechanical reliability of the optimized IPMSM (as shown in Fig. 10 ), the mechanical stress of its rotor was calculated using FEM. The von Mises stress was 53 MPa, which was much smaller than the yield strength (305 MPa), so the rotor was safe and reliable. The calculation results also showed that the maximum distortion of the rotor (as shown in Fig. 11 ) was 0.0011 mm.
V. CONCLUSION
In this study, torque ripples were optimized in inset PMSMs using a MIGA, RBF neural networks, and the orthogonal experimental method. First, motor geometric parameters were used as factors, and torque ripples were used as assessment indicators in the orthogonal experiments. In the second step, a range analysis was conducted on the results obtained with the orthogonal experimental method. The results were used to classify the geometric parameters as ordinary or important. In the third step, the ordinary geometric parameters were optimized using the results of the range analysis. Finally, the important geometric parameters were optimized using a method that combined RBF neural networks and a MIGA. Some key conclusions are summarized as follows:
a) It was verified (through finite element analysis) that the torque ripples of the IPMSM are reduced by 84% after optimization. The optimization results indicated that the method used in this study could effectively optimize and minimize the torque ripple of the IPMSM. b) The error between the optimization results and the finite element analysis results was 4.9%. The comparison results showed that the optimization method used in this study could accurately predict the optimization results of the torque ripple. c) In this study, eleven structural parameters are successfully optimized to minimize the torque ripple of the IPMSM. The optimization result showed that the optimization method used in this study could effectively optimize the multi structural parameters of the IPMSM. In addition, researchers can use this method when optimizing structural parameters to improve other motor attributes (such as power density, losses, and noise).
However, if there were many important geometric parameters to be optimized, the optimization method used in this study would still require large amounts of simulation data to train the RBF neural networks, which will be a highly time-consuming step. In the future, the author intends to work on a solution to this problem. YIYONG YANG received the Ph.D. degree in mechanical engineering from Tsinghua University.
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